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Abstract. The short-axis view defined such that a series of slices are
perpendicular to the long-axis of the left ventricle (LV) is one of the most
important views in cardiovascular imaging. Raw trans-axial Computed
Tomography (CT) images must be often reformatted prior to diagnostic
interpretation in short-axis view. The clinical importance of this refor-
matting requires the process to be accurate and reproducible. It is often
performed after manual localization of landmarks on the image (e.g. LV
apex, centre of the mitral valve, etc.) being slower and not fully re-
producible as compared to automatic approaches. We propose a fast,
automatic and reproducible method to reformat CT images from origi-
nal trans-axial orientation to short-axis view. A deep learning based seg-
mentation method is used to automatically segment the LV endocardium
and wall, and the right ventricle epicardium. Surface meshes are then ob-
tained from the corresponding masks and used to automatically detect
the shape features needed to find the transformation that locates the
cardiac chambers on their standard, mathematically defined, short-axis
position. 25 datasets with available manual reformatting performed by
experienced cardiac radiologists are used to show that our reformatted
images are of equivalent quality.
Keywords: Automatic image reformatting · Short-axis view · Deep
learning segmentation · Cardiac imaging
1 Introduction
Multiplanar reformatting refers to the process of converting imaging data ac-
quired in a certain plane into another plane. Standard imaging planes are useful
to determine normal anatomy and function and to investigate anatomic variants
or pathologies. The basic cardiac imaging planes include planes oriented with re-
spect to the heart (e.g. horizontal and vertical long-axis and short-axis (SAX)),
and planes oriented with respect to the major axes of the body (e.g trans-axial
(TA), sagittal, and coronal). Cardiac pathologies are commonly evaluated us-
ing cardiac-oriented planes and therefore the position of these planes should
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be prescribed very accurately. In Computational Tomography (CT) imaging,
raw TA images are typically reformatted into SAX view (often the interpreta-
tion plane) after manual landmark placement[10]. This manual interaction is
operator-dependent and time-consuming as compared to automatic methods.
Moreover, the definition of LV SAX plane as going from LV base to apex may
differ between observers providing different reformatted images and associated
metrics. Marchesseau et al. [12] showed the influence on the evaluation of cardiac
function of 4 different SAX acquisition protocols (considering the 2 atrioventric-
ular junctions, considering only the left atrioventricular junction, considering the
septum, and considering the LV long-axis).
To the best of our knowledge, no method has been proposed for fully auto-
matic CT image reformatting. However, several methods can be found in the
literature for automatic landmark detection and subsequent image reformatting
in cardiac MRI. For example, Lu et al. [11] proposed landmark detection using
LV segmentations; Le et al. [8] used 3D Convolutional Neural Networks to re-
format 4D Flow MR images; and Blansit et al. [3] proposed to use U-Net-based
heatmap regression to reformat cine steady-state free precession series. While
these methods require manual annotation of anatomical landmarks (tedious and
time-consuming) Alansary et al. [2] used acquired standard views for training
avoiding the need for any manual labeling. The authors employed a multi-scale
reinforcement learning agent framework that enables a natural learning paradigm
mimicking operators’ navigation steps.
Reformatting to SAX view can be done by resampling the raw TA image
along its subject-specific LV SAX plane. In this paper, we propose to first seg-
ment the left and right ventricles and use the masks to automatically locate
a few anatomical features needed to accurately compute the LV SAX plane.
As compared to Deep Learning (DL) methods, our approach does not require
annotated data or training a model, usually expensive and time-consuming.
2 Methods
Let m = {XYZ} be the coordinate system in original TA view and let m′=
{X’Y’Z’} be the coordinate system in standard SAX view (see Figure 1). The
standard SAX view can be defined as follows: the LV long-axis is aligned accord-
ing to the Z’-axis; and the right ventricle (RV) is positioned on the left side of
the LV as seen in the X’Y’-plane. The reformatting to SAX view is computed by
resampling the input TA view along its subject-specific LV SAX plane. Image
resampling involves 4 components [1]:
1. The image that is sampled, given in coordinate system m (i.e. the input
image in TA view).
2. A resampling grid, regular grid of points given in coordinate system m′.
3. The transformation Tmm′ that maps points from coordinate system m
′ to
coordinate system m.
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Fig. 1: Schematic representation of multiplanar reformatting to SAX view. On
the left, original TA view in m coordinate system. On the right, corresponding
SAX view in m′ coordinate system. For simplicity, only surface models of the LV
and RV are shown. LV = Left Ventricle; RV = Right Ventricle; TA = Trans-axial;
SAX = Short-axis.
4. An interpolator method for obtaining the intensity values at arbitrary points
in coordinate system m from the values of the points defined by the sampled
image.
In our approach, cardiac ventricles are first segmented from the original CT
image and surface meshes are computed from the corresponding masks (Section
2.1). Mesh coordinates are used to calculate the subject-specific transformation
Tmm′ (Section 2.2) that is finally used to resample the input TA image generating
its corresponding SAX view (Section 2.3).
2.1 Image segmentation
Automatic segmentation of the cardiac ventricles is performed using a DL-based
framework. The method, previously described in [7, 4] relies on the use of two
successive 3D U-nets [13]. The high spatial resolution of CT images requires high
memory resource while at the same time the ventricles take only a fraction of the
entire CT volume. In our approach, we input to the first network a low-resolution
version of the input data. The output (coarse segmentation) is used to locate the
ventricles and keep only the region around them. A high-resolution cropped sub-
volume is input to the second 3D U-net. The resulting segmentations are post-
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processed to obtain clean and non-overlapping masks including up-sampling to
the original CT image resolution. The model was trained using 450 CT scans with
corresponding expert segmentations of the LV endocardium and epicardium, and
the right ventricular epicardium. 50 CT scans were used for validation with a
loss function defined as the opposite of the Dice score. Importantly, the trained
model was already available to us and we only use it for inference (i.e. prediction
or testing) in this work. Therefore, any labeled data or training phase is required
for the work presented in this paper.
After image segmentation, triangular surface meshes are computed from the
masks using the marching cubes algorithm [9] and they are next uniformly
remeshed to improve their quality [14]5.
2.2 Transformation computation
The transformation Tmm′ that maps points from coordinate system m
′ to coor-
dinate system m can be computed as the inverse of the rotation matrix that
rotates points from TA orientation to SAX orientation. Let this rotation ma-
trix be RSAX ε R3×3. It takes into account 3 different rotations that locate 3
different LV features on their target position in SAX view:
1. RMV ε R3×3 aligns the mitral valve (MV) plane.
2. RS ε R3×3 aligns the LV septum (location of the RV with regard to the LV).
3. RLAX ε R3×3 aligns the LV long-axis.
RSAX is computed as the result of the matrix multiplication:
RSAX = RLAXRSRMV (1)
Figure 2 depicts two examples where the alignments are shown consecutively
for illustrative purposes only.
All rotation matrices in our approach are computed using the following pro-
cessing. Given two unit vectors, ~u1 and ~u2, a rotation matrix R that aligns ~u1
to ~u2 can be computed as follows:





I3 = 3×3 Identity matrix
~v = ~u1 × ~u2,
s = ‖~v‖,




 0 −v3 v2v3 0 −v1
−v2 v1 0
 is the skew-symmetric cross-product matrix of ~v =
(v1, v2, v3)
5https://github.com/valette/ACVD
































































































































































































Fig. 2: Two examples of rotation to SAX view using surface meshes. The LV
endocardial surface is colored according to its distance to the RV (1st and 3rd
row) and according to its distance to the centre of the MV (2nd and 4th row). LV
wall and RV epicardial surfaces are shown semitransparent. LV = Left Ventricle;
RV = Right Ventricle; MV = Mitral Valve.
MV plane alignment The rotation matrix RMV is computed using equation 2
where the unit vectors to be aligned are: ~u1 = subject-specific MV normal in TA
view; and ~u2 = MV normal in standard SAX view, i.e. opposite of the X’Y’-plane
normal ( ~u2 = (0, 0,−1)). To compute ~u1, the region corresponding to the MV
orifice is first automatically detected. Distances are computed from each point in
the LV endocardial mesh to the LV wall mesh. Similarly, distances are computed
from each point in the LV endocardial mesh to the RV epicardial mesh. The MV
orifice area is detected as the points in the LV endocardial surface that are far
from the LV wall (more than 5 mm), and far from the RV epicardial surface. The
latter ensures that the MV orifice is not confused with the aortic orifice and it
avoids getting orientations corresponding to this artery. The threshold distance
was defined to take into account the LV size and was empirically set to more
than half the maximum distance between LV endocardium and RV epicardium.
All distances are computed using the distance transform [5, 6], that assigns to
every point in the mesh a value indicating its distance to the nearest point in the
other surface. The MV normal ( ~nMV ) is computed averaging the normals of all
points belonging to the MV orificie area, and ~u1 is defined as the corresponding
unitary vector: ~nMV‖ ~nMV ‖ .
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LV septum alignment The rotation matrix RS is computed using equation
2 where now the unit vectors to be aligned are: ~u1 = unit vector within the
MV plane pointing from the RV to the LV; and ~u2 = unit vector within the
X’Y’-plane pointing horizontally from RV position to LV position in standard
SAX view ( ~u2 = (1, 0, 0)). White arrows in Figure 2 depict these orientations.
To compute ~u1, the surface corresponding to the MV orifice is first extracted
using the same procedure explained above. This surface is uniformly remeshed to
increase its spatial resolution and distances to the RV are re-computed. Let p0 be
the point with minimum distance value and let p1 be the point with maximum
distance value. The unitary vector ~u1 is computed as
p1−p0
‖p1−p0‖ .
LV long-axis alignment The rotation matrix RLAX is computed using equa-
tion 2 where now the unit vectors to be aligned are: ~u1 = subject-specific LV
long-axis unit vector; and ~u2 = standard LV long-axis unit vector in SAX view
( ~u2 = (0, 0, 1)). The LV long-axis is defined as the line connecting the centre of
the MV orifice and the LV apex. Yellow arrows in Figure 2 show schematically
these orientations. To compute ~u1, the centre of the MV is detected as the centre
of mass of the MV orifice surface previously extracted. Let pMV be that point.
Distances are computed from pMV to all points in the LV endocardial surface
(see Figure 2, 2nd and 4th rows). The LV apex is detected as the point (pA)




Prior to image resampling, a reference image is created with desired origin, size,
and resolution. The voxels in this reference image determine the resampling grid
that is used to sample the input TA image after mapping the voxel’s position
from m′ to m using Tmm′ . The final transformation also includes a translation to
the area where the image to be sampled is located. In our method we propose
to use reference origin = (0,0,0); reference image size = 512 × 512 × 512; and
reference image resolution = input image physical size / reference image size.
3 Results
The method was applied to 25 images with available reformatting to SAX view
performed by expert radiologists. Original CT image dimensions were 512 × 512
voxels in the X and Y axes and 402 ± 103 voxels in the Z-axis. The average
original voxel size was 0.40 ± 0.05 mm × 0.40 ± 0.05 mm × 0.45 ± 0.15 mm.
The average time to complete the full image reformatting was 28.38 ± 7.73
s (Intel i7 2.60GHz × 12 CPU and 32 GB RAM). Several examples of results
are shown in Figure 3. It can be seen how our method replicates the manual
reformatting and it even outperforms it for some cases. For example in (b), (c),
and (d) the LV long-axis is more accurately aligned along the Z-axis using our
approach than using manual reformatting.





























































































































Fig. 3: Example results. On the left, 3 views of original trans-axial images; on the
right, 3 views of corresponding short-axis images reformatted with our method
(top), and the provided manual reformatting (gold standard) (bottom).
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4 Conclusions
Cardiovascular image interpretation often relies on multiplanar reformatted im-
ages typically computed manually being time-consuming and lacking repro-
ducibility. Automatic methods such as DL-based techniques often require lots of
annotated data and computationally expensive resources. We have presented a
method to reformat raw trans-axial CT images to standard SAX view that it is
automatic, fast, accurate, reproducible and it does not require labeled data. The
main drawback is however the dependency of the method on the quality of the
segmentation masks. Previous studies have shown highly precise segmentation
results using our proposed method (median Dice score of 0.9 [4]) but the image
segmentation step (Section 2.1) could be easily replaced by any desired segmen-
tation method (including manual segmentation performed by a radiologist which
is yet considered the gold standard). Computing accurate standard SAX images
may be useful to compare different image modalities such as CT and MRI since
SAX cardiac MRI is currently one of the most common acquisition views in clin-
ical practice. The origin, size, and resolution, of the reformatted SAX image can
be specified by the user which is useful in many applications where a standard
representation of the data is required (e.g. to use a pre-trained network).
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